Abstract: A regional inundation early warning system is crucial to alleviating flood risks and reducing loss of life and property. This study aims to provide real-time multi-step-ahead forecasting of flood inundation maps during storm events for flood early warnings in inundation-prone regions. For decades, the Kemaman River Basin, located on the east coast of the West Malaysia Peninsular, has suffered from monsoon floods that have caused serious damage. The downstream region with an area of approximately 100 km 2 located on the east side of this basin is selected as the study area. We explore and implement a hybrid ANN-based regional flood inundation forecast system in the study area. The system combines two popular artificial neural networks-the self-organizing map (SOM) and the recurrent nonlinear autoregressive with exogenous inputs (RNARX)-to sequentially produce regional flood inundation maps during storm events. The results show that: (1) the 4 × 4 SOM network can effectively cluster regional inundation depths; (2) RNARX networks can accurately forecast the long-term (3-12 h) regional average inundation depths; and (3) the hybrid models can produce adequate real-time regional flood inundation maps. The proposed ANN-based model was shown to very quickly carry out multi-step-ahead forecasting of area-wide inundation depths with sufficient lead time (up to 12 h) and can visualize the forecasted results on Google Earth using user devices to help decision makers and residents take precautionary measures against flooding.
Introduction
Floods are the most common natural disasters, and the increasing trend of flood occurrence has been frequently reported worldwide over the last few decades [1] [2] [3] . As climate change continues and extensive urbanization worsens, the situation will persist in the vicinities of rivers [4] . Asia and the Pacific Region are the most disaster-prone areas in the world, where floods are the most frequent disasters and have large economic impacts on the region [5] . Recent disasters in Southeast Asia-Typhoon Haiyan (Yolanda) in Philippines (2013) and massive floods in Thailand (2011)-have necessitated the demand for effective flood management schemes, as annual damage estimates far outstretch current management expenditure. The societal cost-benefit analysis of a flood forecasting scheme, compared to a flood management scheme, is different from site to site. Early flood warnings with sufficient lead time offer authorities as well as residents precautions and preventive measures to alleviate consequences and minimize negative impacts. Consequently, there is the The climate of the study basin is generally tropical monsoonal-uniform temperature around 26 °C, high humidity (70-95%) and average annual rainfall of 2770 mm. Historical rainfall and water level data of 10 rainfall and three runoff gauge stations spreading over the study area were collected from the Department of Irrigation and Drainage (DID) of Malaysia; they were used for model calibration and verification. Based on the availability of rainfall and discharge data, eight recent extreme flood events occurring between 2000 and 2015 were selected for this study, as shown in Table  1 . The rainfall and river flow stations in the Kemaman River Basin are illustrated in Figure 1b ,c, respectively. The ranges of event duration, maximum average inundation depth, and accumulated average rainfall were recorded as 150 h, 744 h; 1.48 m, 4.17 m; and 255 mm, 1653 mm, respectively. The highest accumulated flood depth (4.17 m) occurred in Event 7, where the accumulated average rainfall reached 996 mm and the maximum flow achieved 1142 m 3 /s. In this study, rainfall in a flood depth hydrograph denotes the average rainfall of each sub-catchment at a time-step of 3 h.
Taking Event 7 as an example, Figure 2 illustrates the rainfall histogram and the average inundation depth hydrograph of Event 7.
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Forecast Models
To establish a flood early warning system, we propose an integrated methodology that couples flood inundation simulation models and machine learning-based forecast models to provide multistep-ahead flood inundation maps during storm events. The hybrid modelling process explored in this study consists of five stages: (1) dividing the study area (100 km 2 ) into 10,744 grids (75 m × 75 m); (2) synthesizing the sequential regional inundation depths for real and designed events by using a two-dimensional flood routing simulation model; (3) clustering regional inundation maps by using 
To establish a flood early warning system, we propose an integrated methodology that couples flood inundation simulation models and machine learning-based forecast models to provide multi-step-ahead flood inundation maps during storm events. The hybrid modelling process explored in this study consists of five stages: (1) dividing the study area (100 km 2 ) into 10,744 grids (75 m × 75 m); (2) synthesizing the sequential regional inundation depths for real and designed events by using a two-dimensional flood routing simulation model; (3) clustering regional inundation maps by using the self-organizing map (SOM) algorithm; (4) building a forecast model by using the recurrent nonlinear autoregressive with exogenous inputs (RNARX) for obtaining the average regional inundated depth (ARID) under rainy conditions; and (5) adjusting the weight of the selected neuron in the SOM based on the forecasted ARID to obtain a real-time adapted regional inundation map. It is noted that we removed the cells covering river channels and the cells with highest observed inundation depths less than 10 cm (for example, inundation did not occur at cells at relatively high elevations). Consequently, about 40% of the cells were removed, i.e., the number of grids reduced from 17,778 to 10,740. Thus, the input dimension (number of grids) of the SOM largely reduced, such that the model (SOM) is easier to train and converge. Besides, because the study area is located downstream (estuary) and its terrain in general is relatively flat, we consider the designed grid size (i.e., 75 m × 75 m) suitable for presenting flood inundation variation during storm periods.
The average regional inundation depth (ARID) is calculated by the following equation:
These models are briefly introduced in the following subsections.
Simulation Model
Historical observed data of inundation depths are rarely available, such that there are almost no historical hydrographs of regional inundation depths of historical storm events. Hydraulic models, in general, are a more physical-based approach to modeling the motion of a water body through its geo-morphological environment, taking into account the effects of gravity and friction at the water/bed interface to produce flood levels at various locations along the river and the flood plain [28] . Therefore, the flood routing simulation model would be the best alternative for generating the synthetic hydrographs of flood depths for various storm events; it will help understand the induced flood hazards and identify the responses of mitigation measures. InfoWorks ICM (ICM Suite upgrade, HR Wallingford Asia Sdn Bhd, Kuala Lumpur, Malaysia), a commercial software package and an advance of Infoworks RS, is a two-dimensional flood routing simulation tool that combines an advanced flow simulation engine, hydrological and hydraulic models, GIS, and database in a single environment [28] . This model relies profoundly on the accuracy of topographical data [29] . InfoWorks ICM (RS) has been satisfactorily utilized to develop flood risk maps for Northern Ireland [30] and Malaysia's River Basin [31] . This tool offers explanations for the effects of varying runoff rates from sub-catchments and forms a tight-coupling of GIS functionality and hydrodynamic flow simulation.
In this study, InfoWorks ICM is implemented to mimic the effects of flood mitigation measures under various real and synthetic events. The main components of the InfoWorks ICM consist of an ISIS flow simulation engine, a geographic information system (GIS), and a database. The model carries out two-dimensional flood routing simulation in consideration of hydraulic facilities/modeling [32, 33] . The two-dimensional (2D) hydrodynamic model routes water over in the Digital Elevation Model (DEM) forced by upstream boundary conditions such as a meteorological forcing, or a hydrograph and downstream boundary conditions of water levels. The model generates accurate and reproducible flood extent maps, which not only show the extent and depth of a flood, but can also be animated to show the progression of a flood event. The scenario setting for simulating events was designed and described as follows.
(1) Observed distribution: 8 real events (rainfall data). (2) Synthetic distribution: a total of 12 designed events were generated, based on different combinations of rainfall durations (12, 24, 48 and 72 h) and return periods (20, 50 and 100 years) at main gauge stations. Figure 3 shows the maximum simulated flood map derived from the 2D flood model (InfoWorks ICM) based on a 5 m resolution digital elevation and rainfall information of a storm event (a cumulated rainfall of 1653 mm in December 2014). We note that this simulation model may not necessarily yield the exact flood depths but can provide the magnitudes of water depths and flood extents. Consequently, the simulation model (InfoWorks ICM) with designed rainfall hyetographs are implemented to generate the regional inundation maps and provide the inundation depth of each grid element for all scenarios. The generated inundation maps could then be used to train and validate ANN-based models.
Coupling the observed and simulated datasets, the RNARX firstly makes 3 h-up to 12 h-ahead forecasts (ARID); next, the forecasted ARID can be mapped onto the SOM topological map to select the best matched cluster in the SOM, and then all the weights in the matched cluster can be adjusted using linear interpolation to obtain a 3 h-(or, 6 h-, 9 h-, 12 h-) ahead regional flood inundation map.
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ANN-Based Models
In this study, we explore a hybrid SOM−RNARX model that integrates the SOM and the RNARX to sequentially forecast regional multi-step-ahead flood inundation maps. The key idea is to integrate the essence of both ANNs to produce two-dimensional visible regional flood inundation maps.
Self-Organizing Map (SOM)
The SOM is an effective clustering method that can classify high-dimensional datasets to form a meaningful topological map; it offers the advantages of information extraction and visualization [34] . For instance, the SOM was implemented as a clustering tool to classify inundation maps [35] , groundwater levels [36, 37] , fishery data [17, 38] , and river flow stations [39] . The SOM consists of an input layer and a clustering layer with nodes distributed over a two-dimensional map. Bearing in mind its clustering capability and visual interpretation, the SOM in this study is implemented to form a two-dimensional topological map that presents the main features of regional flood inundation depths and extends under various hydrological conditions during storm events ( Figure 4 ). The map size of the SOM must be determined, which is usually done by trial-and-error procedures, because there are no theoretical guidelines to determine optimal map size [40] . Due to the large input dimension (i.e., 10,744 grids) and relatively stable variations of regional inundation depths, we only try three different map sizes (i.e., 3 × 3, 4 × 4, and 5 × 5) to form regional inundation topological maps in this study case. 
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Self-Organizing Map (SOM)
The SOM is an effective clustering method that can classify high-dimensional datasets to form a meaningful topological map; it offers the advantages of information extraction and visualization [34] . For instance, the SOM was implemented as a clustering tool to classify inundation maps [35] , groundwater levels [36, 37] , fishery data [17, 38] , and river flow stations [39] . The SOM consists of an input layer and a clustering layer with nodes distributed over a two-dimensional map. Bearing in mind its clustering capability and visual interpretation, the SOM in this study is implemented to form a two-dimensional topological map that presents the main features of regional flood inundation depths and extends under various hydrological conditions during storm events ( Figure 4 ). The map size of the SOM must be determined, which is usually done by trial-and-error procedures, because there are no theoretical guidelines to determine optimal map size [40] . Due to the large input dimension (i.e., 10,744 grids) and relatively stable variations of regional inundation depths, we only try three different map sizes (i.e., 3 × 3, 4 × 4, and 5 × 5) to form regional inundation topological maps in this study case.
Recurrent Configuration of Nonlinear Autoregressive with Exogenous Inputs (RNARX)
The nonlinear autoregressive with exogenous input (NARX) network is a powerful dynamic model for time series prediction [41] . Several studies have demonstrated that the recurrent configuration of the RNARX network (RNARX) could suitably forecast time series with long-range dependence present in data [42] [43] [44] [45] . Besides, there is a common lack of real-time observed inundation depths, which is a great challenge for building a reliable real-time model. To solve the problem, the RNARX network offers the advantage of using model outputs as parts of inputs to train the model and use the configured model for real-time forecasting in test (or real) cases. To tackle the problem of no actual real-time observations available during model construction, the recurrent scheme of the RNARX network utilizes model outputs as parts of model inputs in training, validation and testing stages. That is to say, this recurrent network could be trained with imperfect information but similar characteristics of input-output patterns in all three phases (i.e., training, validation and testing phases), such that the configured network would maintain a similar forecasting capability in all phases. The constructed network and its synaptic weights would be fixed in the validation and testing phases to evaluate its reliability with new events. For multi-step-ahead forecasting tasks, current forecast values could be sequentially fed back to the input layer to provide one-step further forecasts.
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where U(t) and z(t) are the input vector and output value at a time step t, respectively, and f [·] is the nonlinear function, q denotes the number of time steps. The RNARX is commonly trained in two modes: parallel (P) and series-parallel (SP) modes. In the P mode, the forecasted outputs (z (t − i), i = 1 − q) are fed back into the input layer, represented by Equation (2) . In the SP mode, the output regressor in the input layer is formed by observational values (d (t − i), i = 1 − q), as shown in Equation (3):
The architecture of the RNARX model is illustrated in Figure 5 .
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ANNs-Based Regional Inundation Depth Forecasting
We next discuss how to integrate the SOM and the RNARX for forecasting regional flood inundation maps. The hybriding process consist of three major schemes ( Figure 6 ). The first scheme involves clustering regional inundation maps using the SOM. The second scheme involves building a forecast model using the RNARX to obtain the ARID under rainy conditions. The third scheme involves adjusting the weight of the selected neuron in the SOM based on the forecasted ARID to obtain a real-time adapted regional inundation map. To be more specific, the ARID of a neuron in the SOM can be obtained by weightedly summing (averaging) the inundation depths in all grids of the neuron, and then the neuron with a value that is the closest to the forecasted value is selected as the best matched (selected) neuron. The ARID of the selected (winning) neuron can be further modified by a linear interpolation method to adjust all the regional inundation depths in the neuron. Using this approach, the regional inundation maps stored in the SOM can be instantly updated during storm events, and the accuracy of the forecasted inundation map will significantly increase. We would like to note that real-time rainfall information might be the only information available for modelling in real applications, and therefore the proposed methodology does provide an effective and promising way for real-time forecasting regional flood inundation maps and their extents. The proposed methodology can be repeatedly implemented for obtaining multi-step-ahead forecasts. In this study, we implement the RNARX for flood forecasting. The RNARX model is configured by using model outputs as parts of model inputs, and its weights are adjusted by using the conjugate gradient back-propagation learning algorithm to search for the minimum errors during network training.
We next discuss how to integrate the SOM and the RNARX for forecasting regional flood inundation maps. The hybriding process consist of three major schemes ( Figure 6 ). The first scheme involves clustering regional inundation maps using the SOM. The second scheme involves building a forecast model using the RNARX to obtain the ARID under rainy conditions. The third scheme involves adjusting the weight of the selected neuron in the SOM based on the forecasted ARID to obtain a real-time adapted regional inundation map. To be more specific, the ARID of a neuron in the SOM can be obtained by weightedly summing (averaging) the inundation depths in all grids of the neuron, and then the neuron with a value that is the closest to the forecasted value is selected as the best matched (selected) neuron. The ARID of the selected (winning) neuron can be further modified by a linear interpolation method to adjust all the regional inundation depths in the neuron. Using this approach, the regional inundation maps stored in the SOM can be instantly updated during storm events, and the accuracy of the forecasted inundation map will significantly increase. We would like to note that real-time rainfall information might be the only information available for modelling in real applications, and therefore the proposed methodology does provide an effective and promising way for real-time forecasting regional flood inundation maps and their extents. The proposed methodology can be repeatedly implemented for obtaining multi-step-ahead forecasts.
Evaluation Indexes
The performance of the proposed approach is evaluated by the coefficient of determination (R 2 ) and the root mean square error (RMSE), as shown below: 
The performance of the proposed approach is evaluated by the coefficient of determination (R 2 ) and the root mean square error (RMSE), as shown below:
where Di and Yi are the forecasted value and the observed (simulated) value of the ith data, respectively. D ̅ and Y ̅ are the mean values of the forecasted values and the observed values, respectively. 
Results and Discussion

SOM Clustering
There are 225 (relevant to Events 1, 3, 5 and 7) datasets (i.e., regional inundation depths) to be classified into the neurons of the SOM in the training phase. Each neuron in the SOM contains 10,774 grids distributed over the study area. The classification results of the spatial distributions of inundation maps are shown in Figure 7 . We find that the SOM networks with map sizes of 4 × 4 can produce well the clustering topology of regional inundation depths. The two-dimensional (4 × 4) topological map clearly presents the overall results of the neurons, which exhibits the variation trend of regional inundation depths ranging from [0-1 m] to [0-over 7 m]. The topological relationships between individual neurons and their neighboring neurons are visible and distinguishable. In Figure 7 , the ARID of each neuron is shown at the top right corner of the neuron. The bottom-left section of each neuron is light yellow in color, showcasing the lowest input values (ARID = 0.055 m), while the top-right section of each neuron is dark blue in color, denoting the highest input values (ARID = 3.439 m).
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There are 225 (relevant to Events 1, 3, 5 and 7) datasets (i.e., regional inundation depths) to be classified into the neurons of the SOM in the training phase. Each neuron in the SOM contains 10,774 grids distributed over the study area. The classification results of the spatial distributions of inundation maps are shown in Figure 7 . We find that the SOM networks with map sizes of 4 × 4 can produce well the clustering topology of regional inundation depths. The two-dimensional (4 × 4) topological map clearly presents the overall results of the neurons, which exhibits the variation trend of regional inundation depths ranging from [0-1 m] to [0-over 7 m]. The topological relationships between individual neurons and their neighboring neurons are visible and distinguishable. In Figure  7 The constructed topological map can easily display the difference between these two corners (bottom-left neuron and top-right neuron); moreover, the topological images of the neurons nearby each of these two corners are quite similar. These figures show that the SOM network can effectively cluster high-dimensional (10,744 grids) data to extract (and present) meaningful topological structures.
Forecasting Average Regional Inundation Depths (ARID)
Four ARID forecasting models are individually constructed for three-up to twelve-hour-ahead forecasting by using RNARX networks based on a large number of rainfall-total inundated volume patterns. There are 7 real events and 12 designed events used to build and/or test the forecast models. Data allocation for model construction is shown in Table 2 . The inputs consist of the current observed three-hour rainfall of three sub-catchments and the recurrently forecasted ARIDs at time step of T + n − 1 while the output is the n-step-ahead (T + n) ARID. Table 3 shows the input combinations of the RNARX models at various time steps. For instance, the input dimension is 4 (three observed values and one recurrent forecasted value) and the output dimension is only 1 for T + 4 (12 h-ahead). After implementing an intensive trial-and-error procedure based on the training and validation datasets, the most suitable RNARX network is identified to have only one hidden layer with five nodes, which would in general produce admirable forecast performances. Table 4 shows the summarized RNARX results for 3 h-up to 12 h-ahead forecasting of ARID in terms of RMSE and R 2 . The R 2 values of 3-9 h ahead forecasting are greater than 0.90 in these three phases, which indicate that the constructed models can well forecast ARIDs with very high correlation, while those of 12 h-ahead forecasting are also greater than 0.87. It appears that the models can forecast ARIDs accurately and reliably. We notice that the 3 h-ahead, 6 h-ahead and 9 h-ahead forecasting models produce very similar results because these three models have the same inputs and parameters. Figure 8 illustrates the simulated and forecasted ARIDs obtained from the RNARX model at two different horizons for Event 7. The results indicate that the RNARX perform well at both shorter forecast horizon (3 h) and longer forecast horizon (12 h). Therefore, it is suitable to use the RNARX to make forecasts on ARIDs.
Water Figure 8 illustrates the simulated and forecasted ARIDs obtained from the RNARX model at two different horizons for Event 7. The results indicate that the RNARX perform well at both shorter forecast horizon (3 h) and longer forecast horizon (12 h). Therefore, it is suitable to use the RNARX to make forecasts on ARIDs. 
ANNs-Based Models for Forecasting Regional Inundation Maps
In this hybrid stage, the forecasted ARID of the RNARX network is used to adjust the selected SOM neuron whose ARID is the closest to the forecasted ARID of the RNARX network. Table 5 shows the results of the simulation model for Event 7 in the study area (10,744 grids) with respect to different inundation depths (i.e., All, 0-1 m, 1-2 m, 2-3 m, and >3 m) and time steps ranging from the beginning of flooding at T = 75 to the end of flooding at T = 120. As shown, when T = 75 and T = 81, more than half of the grids have small inundation depths (i.e., 0-1 m) and the numbers of grids for higher inundation depths (i.e., 2-3 m and over 3 m peak) gradually increase over time. When T = 105, almost half the grids have inundation depths exceeding 3 m, and ARIDs reach the maximum at T = 120 and then decrease toward the end of flooding. 
In this hybrid stage, the forecasted ARID of the RNARX network is used to adjust the selected SOM neuron whose ARID is the closest to the forecasted ARID of the RNARX network. Table 5 shows the results of the simulation model for Event 7 in the study area (10,744 grids) with respect to different inundation depths (i.e., All, 0-1 m, 1-2 m, 2-3 m, and >3 m) and time steps ranging from the beginning of flooding at T = 75 to the end of flooding at T = 120. As shown, when T = 75 and T = 81, more than half of the grids have small inundation depths (i.e., 0-1 m) and the numbers of grids for higher inundation depths (i.e., 2-3 m and over 3 m peak) gradually increase over time. When T = 105, almost half the grids have inundation depths exceeding 3 m, and ARIDs reach the maximum at T = 120 and then decrease toward the end of flooding. Figure 9 shows the regional flood inundation depths over time (from T = 75 to T = 120) for Event 7 in consideration of (1) forecasted results, (2) simulated results, and (3) differences between the forecasted and simulated results. We can find that the inundation depths range from low value (T = 75) to high value (T = 120) and the forecasted results agree with the simulated results. It appears that the proposed model could perform well because the differences in all the grids of the region are relatively small (less than 0.3 meter in most regions and time-steps). We conclude that the constructed models can produce suitable and reliable multi-step-ahead inundation forecasts and can be used to build a flood early warning system for the study area. We also notice that the proposed methodology can very quickly carry out multi-step-ahead (3 h up to 12 h) forecasting of area-wide inundation depths, with computation time less than few seconds, and thereby leading to real-time regional flood inundation forecasting.
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Development of the Flood Early Warning System
The final output of this study is the display of the on-line real-time flood early warning system, where the inundation status in the study area can be visualized online. The system display embeds Google Map in the webpage of this system and provides Keyhole Markup Language (KMZ) files for download. Users can see the regional flood inundation depths and quickly find a location's inundation depth. Figure 10 
Conclusions
This study aims at exploring an inundation forecasting approach for future forecast horizons based on the combination of a clustering technique (SOM) of a set of high-resolution inundation maps and an inundation depth forecasting model based on an artificial neural network (RNARX). We then establish a web-based (online) flood early warning system that enables the issuing of an advanced warning of possible flash floods and/or regional inundation depth. We propose a novel hybrid SOM−RNARX model for real-time forecasting of the spatial distribution of flood inundation in the study area of the Kemaman River Basin in Malaysia. We demonstrate that the regional inundation maps stored in the SOM can be instantly updated during storm invasion periods and the accuracy of the forecasted inundation maps can be significantly increased through real-time ARID forecasts obtained from the RNARX network. The proposed methodology and the primary results are summarized as follows: 
This study aims at exploring an inundation forecasting approach for future forecast horizons based on the combination of a clustering technique (SOM) of a set of high-resolution inundation maps and an inundation depth forecasting model based on an artificial neural network (RNARX). We then establish a web-based (online) flood early warning system that enables the issuing of an advanced warning of possible flash floods and/or regional inundation depth. We propose a novel hybrid SOM−RNARX model for real-time forecasting of the spatial distribution of flood inundation in the study area of the Kemaman River Basin in Malaysia. We demonstrate that the regional inundation maps stored in the SOM can be instantly updated during storm invasion periods and the accuracy of the forecasted inundation maps can be significantly increased through real-time ARID forecasts obtained from the RNARX network. The proposed methodology and the primary results are summarized as follows:
(1) The input datasets for the SOM consist of high-dimensional spatial inundation depths (with a grid resolution of 75 m × 75 m) of the study area obtained from the 2-D simulation model based on a number of real storm events. The main features of the spatial inundation distributions can be well distinguished by an SOM with 4 × 4 neurons to obtain a distinguishable topology. The SOM network can effectively cluster the high-dimensional (10,744 grids) inundation depths to extract and present their topological structures. (2) The results suggest that the RNARX network configured with current regional rainfall information and the model's recurrent output can well capture the main features of the input-output patterns to provide stable and reliable forecasts of ARIDs. (3) The proposed model integrates the favorable essence of both networks (SOM & RNARX) and fuses their corresponding results to provide real-time visible regional multi-step-ahead flood inundation maps with high resolution; their nowcasts are reliable and adequate (with small RMSE and high R 2 values). (4) Regarding the execution efficiency of the developed system for the study area, the system can very quickly (in just a few seconds) carry out three to twelve-hour-ahead forecasting of area-wide inundation maps and thereby lead to real-time flood forecasting.
